Male training and validation data are available from the Gene Expression Omnibus (Accession numbers: GSE35069, GSE71245). Female training data is available from the Gene Expression Omnibus (GEO accession number GSE88824). Female validation samples are available from ArrayExpress (Accession number E-ERAD-179).

Introduction {#sec001}
============

DNA methylation is a widely studied epigenetic modification that plays an essential role in the regulation of gene expression \[[@pone.0182455.ref001]\], cell differentiation \[[@pone.0182455.ref002]\] and the maintenance of chromatin structure \[[@pone.0182455.ref003]\]. Advances in high-throughput technologies \[[@pone.0182455.ref004]--[@pone.0182455.ref006]\] have made possible the collection of DNA methylation at the genome scale, allowing its relationship with biological processes to be interrogated. Studies of DNA methylation levels in humans, at both the global and individual CpG levels, have revealed associations between aberrant methylation profiles and disease susceptibility \[[@pone.0182455.ref007]\], including carcinogenesis \[[@pone.0182455.ref008]\]. These studies have largely been conducted using samples of whole blood, in light of its convenience as a source of DNA and viability as a surrogate for target tissue. Its use, however, presents challenges for analysis and interpretation \[[@pone.0182455.ref009]\].

The role of DNA methylation in haematopoiesis has motivated the search for cell-specific methylation profiles at the individual CpG level and their association with lineage-specific gene expression \[[@pone.0182455.ref010]--[@pone.0182455.ref012]\]. To date, the discovery of cell-specific CpG markers has been based on the comparison of methylation levels between select purified cell subtypes \[[@pone.0182455.ref012]\] or against methylation levels observed in whole blood \[[@pone.0182455.ref013]\]. In \[[@pone.0182455.ref013]\], DNA methylation levels for seven purified cell subpopulations were compared and significant differences were identified between Lymphocyte and Myeloid cell populations. The definition of cell-specific methylation in this study and others was restricted the identification of differential methylation in a single cell type. The impact of accounting for more complex methylation profiles based on shared hematopoietic lineage remains unexplored.

Evidence of sex effects in DNA methylation is mixed and studies to date have focused primarily on whole blood. Previous studies of global and autosomal CpG methylation have reported a tendency for higher methylation in males \[[@pone.0182455.ref014]\] and sex-specific differences at varying numbers of CpG probes, across different chromosomes \[[@pone.0182455.ref015], [@pone.0182455.ref016]\]. A meta-analysis of published findings \[[@pone.0182455.ref017]\] identified 184 sex-specific, autosomal CpG probes, although average methylation differences were small and included studies did not account for cellular heterogeneity. Evidence for sex-specific methylation patterns for purified cell subtypes remains relatively unexplored. A recent study \[[@pone.0182455.ref018]\] examined sex-specific methylation levels for four purified immune cell subtypes (B cells, Monocytes, CD4+Foxp3-,CD8+T), and their role in immune-mediated diseases. Cell-specific methylation patterns in females versus males were compared and sex-specific differences were identified for each cell type. Similar to previous studies of cell-specific methylation, the identification of these differences was restricted to a single cell type, therefore precluding the exploration of sex-specific differences as a function of cell lineage.

In light of current limitations, this paper proposes new methodology for the identification of cell-specific methylation profiles at the individual CpG level and associated sex effects. Our methodology incorporates knowledge about cell lineage to accommodate the identification of differential methylation in one or multiple cell types, therefore expanding upon the range of methylation patterns currently studied. The main component of the methodology is a model choice algorithm, formulated within a Bayesian framework, which allows evidence for multiple cell-specific methylation patterns to be assessed simultaneously. Using cell-sorted methylation data from female and male samples, panels of cell-specific CpG markers are identified for each sex and common marker panels are derived. Subsequent analysis of identified CpG markers demonstrate the need to account for lineage in the discovery of cell-specific methylation patterns.

Materials and methods {#sec002}
=====================

Ethics statement {#sec003}
----------------

Female training data were collected as part of a study of epigenetics and multiple sclerosis at the Flory Institute in Melbourne, Australia. All patients involved provided informed consent and the study was granted ethics approval by the Eastern Health and Melbourne Health Human Research Ethics Committee. Remaining data used in this study were available from published studies and accessed from public data repositories.

Data {#sec004}
----

Publicly available Illumina 450K methylation data were obtained from six healthy males subjects \[[@pone.0182455.ref013]\] (GEO Accession number: GSE35069). The data contained methylation *β*-values on seven isolated cell populations: CD19B+ cells, CD14+ Monocytes, CD4^+^T cells, CD8^+^T cells, CD56^+^ Natural Killers (NK), CD16^+^ Neutrophils (Neu) and Eosinophils (Eos). Samples of the same cell types excluding Eosinophils were also obtained for five healthy female subjects, as part of a larger study (GEO Accession number: GSE88824). The methodology described in this paper was therefore applied to the six cell types common to both datasets. For both sexes, 445,603 CpG probes were available for analysis.

Consistent with previous findings \[[@pone.0182455.ref013]\], differences in DNA methylation levels across CpG sites were primarily driven by cell type differences, as opposed to being an artefact of between-subject variation ([Fig 1](#pone.0182455.g001){ref-type="fig"}). Cell lineage for each sex was subsequently inferred using hierarchical agglomerative clustering, applied to methylation *β*−values for each cell type and CpG probe, averaged over samples. Complete-linkage based on euclidean distance was assumed for the successive merging of cell types, however the choice of clustering metric did not impact the resulting hierarchy.

![Left to right: Principal components plot over samples (Circle = Female, Triangle = Male); Dendrogram of cell-sorted DNA methylation samples over 445,603 CpG probes for female and male samples; Comparison of inferred cell type lineage by clustering metric (Complete linkage, Single linkage, UPGMA, MPGMA).\
The response variable was equal to the mean methylation *β*−value by each cell type, at each CpG probe. UPGMA = Unweighted Pair Group Method with Arithmetic Mean, WPGMA = Weighted Pair Group Method with Arithmetic Mean.](pone.0182455.g001){#pone.0182455.g001}

Additional cell sorted 450K methylation data on female and male subjects \[[@pone.0182455.ref018]\], aged 32-50 years, were obtained from public databases, for validation of model results. Female data consisted of cell-sorted samples on six healthy subjects downloaded from ArrayExpress (Accession number: E-ERAD-179) for CD19B^+^B cells, CD14^+^ Monocytes, CD4^+^T and CD8^+^ T cells. Methylation data on six healthy male subjects from the same study were downloaded from Gene Expression Ominibus (GEO Accession number: GSE71245). Following filtering and normalisation, 436,067 and 445,307 CpG sites were available for validation for females and males respectively, based on their correspondence with available sites in the training data.

Model formulation {#sec005}
-----------------

The methodology presented in this paper was motivated by the identification of cell-specific methylation at the individual CpG level. A cell-specific CpG was defined as any CpG probe where the expected methylation level was different for one (single cell-specific) or more (multi- cell-specific) cell types, relative to others observed. The true cell-specific methylation pattern at each CpG probe was assumed unknown and treated as a model selection problem, with key details outlined in this Section.

Using the results of hierarchical clustering ([Fig 1](#pone.0182455.g001){ref-type="fig"}), candidate models sought to characterise methylation levels with respect to the cell type(s) associated with each dendrogram split or node. This proposed approach to model specification was motivated by interest in identifying differentially methylated CpGs associated with each stage of whole blood lineage. Shared lineage was defined by the cell types present in a single split or node. In the corresponding candidate model, cell types with shared lineage were represented by unique, cell-specific means. Non-member cell types were assumed to share the same level of methylation to define a reference level, as associated levels of methylation were not of direct interest. This approach resulted in the specification of twelve candidate models, including the null and saturated cases ([Table 1](#pone.0182455.t001){ref-type="table"}).

10.1371/journal.pone.0182455.t001

###### Description of cell-specific models based on cell lineage from [Fig 1](#pone.0182455.g001){ref-type="fig"}.

Each candidate model corresponds to a partition of cell types into non-overlapping groups. Cell types within each set of parentheses, {}, belong to the same partition and were assumed to have the same level of methylation. For each cell-specific model excluding 'All', the partition annotated by an asterisk (\*) denotes the reference partition.

![](pone.0182455.t001){#pone.0182455.t001g}

  Candidate Model   Differentially methylated cell type(s)   Partition
  ----------------- ---------------------------------------- -----------------------------------------------------------
  Lymphocyte-I      All Lymphocytes                          {CD19^+^},{CD4^+^},{CD8^+^},{CD56^+^},{CD14^+^,CD16^+^}\*
  Lymphocyte-II     Lymphocytes excl. CD19^+^ B cells        {CD4^+^},{CD8^+^},{CD56^+^},{CD19^+^,CD14^+^,CD16^+^}\*
  Myeloid           All Myeloids                             {CD14^+^},{CD16^+^},{CD19^+^,CD4^+^,CD8^+^,CD56^+^}\*
  Pan T             T cells                                  {CD4^+^},{CD8^+^},{CD19^+^,CD56^+^,CD14^+^,CD16^+^}\*
  CD19^+^ B         CD19^+^ B cells                          {CD19^+^},{CD4^+^,CD8^+^,CD56^+^,CD14^+^,CD16^+^}\*
  CD4^+^ T          CD4^+^ T cells                           {CD4^+^},{CD19^+^,CD8^+^,CD56^+^,CD14^+^,CD16^+^}\*
  CD8^+^ T          CD8^+^ T cells                           {CD8^+^},{CD19^+^,CD4^+^,CD56^+^,CD14^+^,CD16^+^}\*
  CD56^+^ NK        CD56^+^ Natural Killers                  {CD56^+^},{CD19^+^,CD4^+^,CD8^+^,CD14^+^,CD16^+^}\*
  CD14^+^ Mono      CD14^+^ Monocytes                        {CD14^+^},{CD19^+^,CD4^+^,CD8^+^,CD56^+^,CD16^+^}\*
  CD16^+^ Neu       CD16^+^ Neutrophils                      {CD16^+^},{CD19^+^,CD4^+^,CD8^+^,CD56^+^,CD14^+^}\*
  All               All available cell types                 {CD19^+^},{CD4^+^},{CD8^+^},{CD56^+^},{CD14^+^},{CD16^+^}
  Null              None                                     {CD19^+^,CD4^+^,CD8^+^,CD56^+^,CD14^+^,CD16^+^}

Each candidate model was translated into a linear model, where each cell type grouping was represented by a different mean parameter. For sex *s*, observed methylation *β*−values for each cell type at CpG *k* were represented by the vector, **y**~*iks*~ = (*y*~*iks*1~, ..., *y*~*iksJ*~), for samples *i* = 1, ..., *n*~*s*~. The partition defined under each candidate model was encoded into the design matrix, **X**~*m*~, of size *J* × *P*^(*m*)^, where *P*^(*m*)^ was equal to the number of partitions for candidate model *m*. Mean methylation levels for each partition were represented by the vector $\mathbf{\mu}_{ks}^{(m)}$ of length *P*^(*m*)^. The likelihood for a single CpG probe *k* = 1, ..., *K* under candidate model *m* was given by, $$\begin{array}{r}
{p\left( \mathbf{y}_{ks}|\mathbf{\mu}_{ks},\sigma_{ks}^{2},\text{Model}\mspace{180mu} m \right) = \prod\limits_{i = 1}^{n_{s}}\mathcal{N}_{J}\left( \mathbf{X}_{m}\mathbf{\mu}_{ks}^{(m)},\sigma_{ks}^{2(m)}\mathbf{I}_{J \times J} \right)} \\
\end{array}$$ where $\mathcal{N}_{J}\left( \mathbf{a},\mathbf{A} \right)$ defines a *J*−dimensional Normal distribution with mean vector **a** and variance-covariance matrix **A**. The unknown variance was assumed to be common across all cell types, denoted by $\sigma_{ks}^{2(m)}\mathbf{I}_{J \times J}$ where **I** is the identity matrix. This variance-covariance structure was chosen for identifiability reasons given sample sizes available.

A Bayesian approach to model selection was adopted, which allowed for probabilistic statements to be made about the relative fit of each candidate model. Under this approach, the posterior probability of each model conditional on the observed data was calculated for all candidate models. The posterior probability of model *m* compared to other candidates *m*′ was calculated as, $$\begin{array}{r}
{Pr\left( \left. \text{Model}\mspace{180mu} m \right|\mathbf{y}_{ks} \right) = \frac{p\left( \mathbf{y}_{ks}\left| \text{Model}\mspace{180mu} m \right. \right)Pr\left( \text{Model}\mspace{180mu} m \right)}{\sum_{m^{\prime}}p\left( \mathbf{y}_{ks}\left. \middle| \text{Model} \right.\mspace{180mu} m^{\prime} \right)Pr\left( \text{Model}\mspace{180mu} m^{\prime} \right)}} \\
\end{array}$$ where the sum of probabilities over all candidate models was equal to 1. The term *p*(**y**~*ks*~\|Model *m*) was obtained by integrating over all unknown parameters from the likelihood and prior distributions. Prior probabilities of each model, *Pr*(Model *m*), were assumed to be equal to reflect a lack of model preference *a priori*.

Prior distributions for remaining parameters were selected such that [Eq 1](#pone.0182455.e005){ref-type="disp-formula"} could be derived analytically. A g-prior distribution \[[@pone.0182455.ref019]\] was adopted for each $\mathbf{\mu}_{ks}^{(m)}$, $$\left. \mathbf{\mu}_{ks}^{(m)} \middle| g_{s},\sigma_{ks}^{2} \right.{\sim \mathcal{N}_{P^{(m)}}\left( {b_{0},g_{s}\frac{\sigma_{ks}^{2{(m)}}}{n_{s}}\left( {\mathbf{X}_{m}^{T}\mathbf{X}_{m}} \right)^{- 1}} \right).}$$

The g-prior is a popular choice in linear model selection settings, as it allows the experimenter to introduce information on the scale of **X**~*m*~. Expected methylation levels were centered around the overall methylation level, *b*~0~, with variance proportional the standard error of each partition. The scaling factor *g*~*s*~ \> 0 is interpreted as a relative weighting of the prior versus the observed data. Here, *g*~*s*~ was assumed common over all CpG probes and estimated by maximising the marginal likelihood averaged over candidate models. In this paper, *b*~0~ was set to the global methylation mean, averaged over CpGs and cell types. A conjugate prior distribution for $\sigma_{ks}^{2(m)}$ of form $p\left( \sigma_{ks}^{2(m)} \right) \propto 1/\sigma_{ks}^{2(m)}$ completed model specification \[[@pone.0182455.ref019]\].

The expectation-maximisation (EM) algorithm was used to obtain a global Empirical Bayes estimate for *g*~*s*~ \[[@pone.0182455.ref020]\]. This computational approach provided significant computational benefits over sampling-based approaches, namely Markov chain Monte Carlo (MCMC), and was possible given closed-form solutions for *p*(**y**~*ks*~\|Model *m*) conditional on *g*~*s*~. In addition, the desired posterior model probabilities from [Eq 1](#pone.0182455.e005){ref-type="disp-formula"} were available upon convergence of the EM algorithm. The proposed methodology was implemented in R, with code available as Supporting Information ([S1 File](#pone.0182455.s005){ref-type="supplementary-material"}).

Making the most of the Bayesian approach for model based inference {#sec006}
------------------------------------------------------------------

The accommodation of model and parameter uncertainty under the Bayesian approach formed the basis of subsequent inference, namely the identification of cell-specific CpGs, the estimation of differential methylation by cell type and the assessment of sex-specific differences by cell type. Brief details of each inference are provided in this Section.

### CpG marker identification {#sec007}

CpG probes or 'markers' associated with each cell-specific pattern were identified by comparing posterior model probabilities at each CpG probe. For each candidate model and sex, markers were identified by reviewing the set of *K* model probabilities: *Pr*(Model *m*\|**y**~1*s*~), ..., *Pr*(Model *m*\|**y**~*Ks*~). A 5% Bayes' False Discovery Rate (FDR) \[[@pone.0182455.ref021]\] was applied to each set of probabilities to control the expected number of false discoveries. Common CpG markers were defined as CpGs that were identified in both female and male samples, for the same candidate model. The compilation of common marker panels allowed for the assessment of sex-specific differences by cell type, within each candidate model.

### Estimation of differential methylation {#sec008}

Posterior inference about each marker panel focused on the estimation of differential methylation by cell type relative to its corresponding reference partition ([Table 1](#pone.0182455.t001){ref-type="table"}). Under model *m*, the posterior distribution of differential methylation for cell-specific partition *p* and sex *s* is, $$\begin{array}{r}
{\mu_{kps}^{(m)} - \mu_{k1s}^{(m)} \sim \mathcal{N}\left( {\hat{\mu}}_{ksp}^{(m)} - {\hat{\mu}}_{ks1}^{(m)},\frac{{\hat{g}}_{s}}{1 + {\hat{g}}_{s}}\frac{{\hat{\sigma}}_{ks}^{2(m)}}{n_{s}}\left( \frac{1}{c_{p}^{(m)}} + \frac{1}{c_{1}^{(m)}} \right) \right)} \\
\end{array}$$ where *c*~*p*~ is the number of cell types in partition *p* and $\left( {\hat{\mathbf{\mu}}}_{ks}^{(m)},{\hat{\sigma}}_{ks}^{2(m)} \right)$ are posterior estimates of each mean and residual variance, respectively, for which direct estimates were available. For CpGs identified under each marker panel, [Eq 2](#pone.0182455.e010){ref-type="disp-formula"} was summarised in terms of a posterior mean and 95% credible interval (CI). The posterior probabilities of differential methylation being within selected ranges (\<0.10, 0.10-0.20,0.20-0.30,0.30,0.40,0.40-0.50,\>0.5), were also calculated.

The posterior distribution in [Eq 2](#pone.0182455.e010){ref-type="disp-formula"} was also used to validate selected CpG markers. Validation of common CpG markers was limited to CD19^+^ B, CD4^+^ T, CD8^+^ T and Pan T models, in light of validation samples available. Using all validation samples for each sex, the average *β*−value for each cell type and CpG was computed. The difference between each average *β*−value and reference partition was then compared with the corresponding 95% CI from [Eq 2](#pone.0182455.e010){ref-type="disp-formula"} for the appropriate candidate model. Concordance rates with respect to the predicted direction of methylation (hypomethylated, hypermethylated) for validation samples were also calculated. This joint approach was motivated by the limitation that validation based on coverage of 95% CIs relied on a posterior estimate of $\sigma_{ks}^{2(m)}$. When this estimate is small and/or underestimated, proportions of validated markers based on CI coverage only were likely to be low, even if differences in methylation between training and validation samples were small. Finally, it is noted that not all cell types observed in the training data were available in the validation samples. Given the properties of the multivariate Normal distribution, this discrepancy was addressed by using the appropriate marginal distributions for the available cell types.

### Evaluation of sex effects {#sec009}

A similar expression to [Eq 2](#pone.0182455.e010){ref-type="disp-formula"} was derived to evaluate sex-specific methylation differences within common CpG marker panels. In this case, focus was on the comparison of female and male methylation estimates for differentially methylated cell types, as defined by the corresponding candidate model. The posterior distribution of this difference across model partitions was Multivariate Normal, $$\begin{array}{r}
{\mathbf{\mu}_{k1}^{(m)} - \mathbf{\mu}_{k2}^{(m)} \sim \mathcal{N}_{P^{(m)}}\left( {\hat{\mathbf{\mu}}}_{k1}^{(m)} - {\hat{\mathbf{\mu}}}_{k2}^{(m)},{\hat{\sigma}}_{k1}^{2(m)}\Sigma_{m1} + {\hat{\sigma}}_{k2}^{2(m)}\Sigma_{m2} \right)} \\
\end{array}$$ where ${\hat{\mathbf{\mu}}}_{ks}^{(m)} = \frac{{\hat{g}}_{s}}{1 + {\hat{g}}_{s}}\left( \mathbf{X}_{m}^{T}\mathbf{X}_{m} \right)^{- 1}\mathbf{X}_{m}^{T}{\overline{\mathbf{y}}}_{ks}$ for *s* = 1,2. To assess evidence for sex effects, the posterior probability that the difference in methylation between sexes using [Eq 3](#pone.0182455.e013){ref-type="disp-formula"} was at least 0.10 was calculated for each cell-specific partition. This calculation again relied on estimates of the residual variance, ${\hat{\sigma}}_{ks}^{2(m)}$ for each sex which were set to their posterior mean estimate. A sex-specific difference for a given partition was declared if the posterior probability of a difference greater than 0.10 exceeded 0.95.

CpG markers to genes: Assessment of SNP effects, genomic features and pathway enrichment {#sec010}
----------------------------------------------------------------------------------------

To provide additional evidence to support our method of marker identification, a pathways enrichment analysis was performed to explore the underlying biology of gene sets derived from common CpG marker panels. Common CpG markers were mapped to genes using Illumina Human Methylation 450K annotation data available from Bioconductor \[[@pone.0182455.ref022]\]. SNP information was also collated to infer the percentage of SNP associated markers with associations limited to SNPs located directly on the CpG loci. Using KEGG functional analysis in WebGestalt \[[@pone.0182455.ref023]\], a hypergeometric test was applied to each marker panel. A 5% FDR \[[@pone.0182455.ref024]\] was applied to resulting p-values to identify significant pathway enrichment for derived gene lists.

Results {#sec011}
=======

Cell lineage impacts the identification of differentially methylated CpGs {#sec012}
-------------------------------------------------------------------------

Across all cell-specific models, 83,449 and 97,747 CpG markers were identified for females and males, respectively ([Table 2](#pone.0182455.t002){ref-type="table"}). Among female samples, 42,834 markers (51.3%) were associated with differential methylation in multiple cell types, which included a three-fold increase in Pan T markers compared with males. A larger proportion of multi- cell-specific markers among males was observed (64.8%), due to larger numbers identified under Lymphocyte-II and Myeloid models. Among single cell-specific models, CD19^+^B was the most frequently observed marker type for both sexes, with 25,611 in females and 18,271 in males.

10.1371/journal.pone.0182455.t002

###### Number of CpG markers identified by candidate model for females versus males, based on a 5% Bayes False Discovery Rate (FDR).

For each model, the number of common markers identified in both sexes is also listed. The number of CpGs identified for a single sex only are given in brackets for each candidate model.

![](pone.0182455.t002){#pone.0182455.t002g}

  Candidate model   Female          Male            Common
  ----------------- --------------- --------------- --------
  All               3873 (1699)     3553 (1379)     2174
  Myeloid           12541 (3637)    29534 (20630)   8904
  Lymphocyte-I      15596 (7369)    14105 (5878)    8227
  Lymphocyte-II     4241 (1032)     14015 (10806)   3209
  Pan T             6583 (5546)     2126 (1089)     1037
  CD19^+^ B         25611 (11987)   18271 (4647)    13624
  CD4^+^ T          1277 (821)      2050 (1594)     456
  CD8^+^ T          2299 (1985)     2742 (2428)     314
  CD56^+^ NK        4893 (3302)     4346 (2755)     1591
  CD14^+^ Mono      1383 (627)      1681 (925)      756
  CD16^+^ Neu       5152 (2992)     5324 (3164)     2160

A total of 42,452 CpGs were associated with the same cell-specific methylation pattern for both sexes, corresponding to 9.5% of the observed methylome. Within this subset, 23,551 (55.5%) were defined by differential methylation in more than one cell type. Over all candidate models, smaller frequencies of common markers were associated with T cell-specific markers (CD4^+^, CD8^+^, Pan T).

Differential methylation is affected by cell lineage among common CpG markers {#sec013}
-----------------------------------------------------------------------------

Common CpG markers associated with differential methylation in Myeloid cell types (CD14^+^ Mono, CD16^+^ Neu) were consistently hypomethylated across all relevant marker panels ([Table 3](#pone.0182455.t003){ref-type="table"}). Among Lymphocytes, CD8^+^T markers were the least likely to be hypomethylated (35.99%). Smaller proportions of hypomethylation among Lymphocyte-I and II panels were indicative of greater levels of methylation among Lymphocyte versus Myeloid cell subtypes.

10.1371/journal.pone.0182455.t003

###### Percentage of hypomethylation among common markers by cell type and sex.

Results are summarised for single cell-specific (CD19^+^B,CD4^+^T,CD8^+^T,CD56^+^NK,CD14^+^Mono,CD16^+^Neu) and multi- cell-specific (Myeloid, Pan T, Lymphocyte-I, Lymphocyte-II) marker panels.

![](pone.0182455.t003){#pone.0182455.t003g}

                  Sex      Single cell-specific markers                                       
  --------------- -------- ---------------------------------- ------- ------- ------- ------- -------
                  Female   58.24                              65.57   35.99   90.19   94.71   96.39
  Male            58.24    65.57                              35.99   90.19   94.71   96.39   
                           **Multi- cell-specific markers**                                   
  Myeloid         Female   --                                 --      --      --      93.53   93.41
  Male            --       --                                 --      --      93.53   93.41   
  Pan T           Female   --                                 43.30   43.30   --      --      --
  Male            --       43.30                              43.30   --      --      --      
  Lymphocyte-I    Female   29.52                              26.70   27.26   29.11   --      --
  Male            29.52    26.70                              27.46   28.86   --      --      
  Lymphocyte-II   Female   --                                 44.13   45.56   45.72   --      --
  Male            --       44.13                              45.65   45.81   --      --      

The impact of cell lineage on differential methylation was greatest among marker panels related to Lymphocytes ([Fig 2](#pone.0182455.g002){ref-type="fig"}). Lower levels of differential methylation (\<0.10) were concentrated within single cell dependent markers (CD19^+^B, CD4^+^T, CD8^+^T, CD56^+^NK). In contrast, the comparison of distributions indicated a wider range of posterior estimates observed for Pan T, Lymphocyte-I and Lymphocyte-II panels. The comparison of distributions associated with CD14^+^ Monocytes showed little evidence of being affected by cell lineage.

![Distribution of posterior mean estimates of differential methylation for each purified cell type across corresponding marker panels.\
Posterior estimates are summarised for females (first column) and males (second column) across common CpG markers.](pone.0182455.g002){#pone.0182455.g002}

The distribution of differential methylation by sex among common Pan T markers revealed considerable variation for both hypermethylated and hypomethylated states compared to CD4^+^T and CD8^+^ T panels ([Fig 3](#pone.0182455.g003){ref-type="fig"}). Differential methylation levels among Pan T markers tended to be greater for CD4^+^ T cells; 25 markers in this subset showed strong evidence of differential methylation greater than 0.5 for both sexes ([S1 Fig](#pone.0182455.s003){ref-type="supplementary-material"}).

![Posterior probability heatmaps for varying levels of differential methylation for common CD4^+^T, CD8^+^T and Pan T markers.\
For each cell type, CpG markers (rows) are ordered the same for males and females, to enable sex-specific comparisons. Markers are further classified by methylation state (Hypomethylated, Hypermethylated), based on their posterior mean estimate of differential methylation. First row (L-R): CD4^+T^, CD8^+^T; Second row: Pan T.](pone.0182455.g003){#pone.0182455.g003}

Validation of common CpG markers for B- and T- lymphocytes {#sec014}
----------------------------------------------------------

The validation of common markers with respect to mean differences was generally higher in males than females, across immune cell subtypes ([Table 4](#pone.0182455.t004){ref-type="table"}). Whilst validation based on coverage of credible intervals was low, differences between training and validation estimates were relatively small across all markers tested ([Fig 4](#pone.0182455.g004){ref-type="fig"}); for CD4^+^T markers, approximately 80% of absolute differences were less than 10% ([S2 Fig](#pone.0182455.s004){ref-type="supplementary-material"}). Furthermore, comparisons with respect to inferred methylation state showed very high concordance rates for all marker panels and these findings were consistent for both sexes.

10.1371/journal.pone.0182455.t004

###### Percentage of validated, common CpG markers based on the coverage of 95% credible intervals inferred from the training data, by sex and marker type.

The outcome of interest for validation was the estimated difference in methylation. For Pan T markers, results are summarised by individual cell type and jointly, the latter corresponding to both CD4^+^T and CD8^+^T differences being validated for the same marker.
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                        Differential methylation   Methylation state          
  --------------------- -------------------------- ------------------- ------ ------
  CD19^+^B              36.9                       25.8                99.9   99.7
  CD4^+^T               37.7                       53.9                97.6   100
  CD8^+^T               38.1                       63.4                98.6   99.7
  PanT                  21.4                       31.6                99.7   99.5
  Pan T: CD4^+^T only   46.7                       54.5                100    100
  Pan T: CD8^+^T only   42.7                       41.1                99.7   99.5

![Validation of common marker panels for immune cell subtypes, based on the comparison of mean differences for each cell type relative to its corresponding reference partition.\
For each marker type, posterior mean differences inferred from the training data (x-axis) are compared with the average mean difference calculated from the validation data (y-axis). Estimates of each posterior mean difference are accompanied by a respective 95% CI. Validated markers based on the coverage of each 95%CI are indicated in black. First row (L-R): CD19^+^, CD4^+^ T; Second row (L-R): CD8^+^ T, Pan T. CI: Credible interval.](pone.0182455.g004){#pone.0182455.g004}

Genomic feature distributions and enrichment analysis {#sec015}
-----------------------------------------------------

The effects of cell lineage were evident in the comparison of genomic features, with higher proportions of markers residing in Transcription Start Sites (TSS) for Lymphocyte cell subtypes compared with Myeloids ([Table 5](#pone.0182455.t005){ref-type="table"}). Common markers were concentrated in the gene body and intergenic regions, with 54.73% of CD56^+^NK markers located in the gene body. Among Lymphocyte cell subtypes, TSS proportions were highest for T cells, with 18.28% and 16.48% for CD4^+^T and CD8^+^T cells, respectively.

10.1371/journal.pone.0182455.t005

###### Distribution of genomic features among common CpG markers by cell-specific methylation pattern.
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  Marker panel    1stExon   3'UTR   5'UTR   Body    Intergenic   TSS1500   TSS200
  --------------- --------- ------- ------- ------- ------------ --------- --------
  Myeloid         2.88      5.90    11.17   46.85   15.41        13.65     4.14
  Lymphocyte-I    4.10      4.20    14.26   40.84   13.26        17.05     6.28
  Lymphocyte-II   3.58      4.31    14.48   40.68   12.92        18.15     5.88
  anT             4.32      2.19    14.29   40.75   13.26        17.98     7.20
  CD19^+^B        7.07      4.32    13.55   38.71   13.81        14.20     8.35
  CD4^+^T         3.79      3.52    15.14   41.64   12.40        18.28     5.22
  CD8^+^T         6.67      2.78    12.59   38.52   13.15        16.48     9.81
  CD56^+^NK       2.21      5.07    12.17   54.73   12.43        9.80      3.59
  CD14^+^Mono     1.72      4.38    10.47   47.30   20.60        11.33     4.21
  CD16^+^Neu      1.72      8.12    10.63   53.68   12.21        10.89     2.75

Moderate proportions of markers were directly associated with SNPs and these levels were maintained between sex-specific and common marker panels, averaging 30.7% in common markers ([S1 Table](#pone.0182455.s001){ref-type="supplementary-material"}). Higher SNP proportions were observed in marker panels related to the lineage of Myeloid cells, except for CD56^+^ NK markers of which 36.02% were SNP associated. For CpG probes not assigned to any common marker panel, a similar degree of SNP association was observed (26.61%).

Significant pathways enrichment for common markers were associated with immune cell subtypes ([Table 6](#pone.0182455.t006){ref-type="table"}) all including biologically relevant pathways.

10.1371/journal.pone.0182455.t006

###### Summary of biologically relevant pathways identified in enrichment analysis of common marker panels.

All pathways were identified based on a Benjamini-Hochberg (BH) adjusted p-value \< 0.05.
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  Marker panel                                Pathway                                     p-value
  ------------------------------------------- ------------------------------------------- --------------
  CD14^+^Monocytes                            Fc gamma R-mediated phagocytosis            0.01
  Cytokine-cytokine receptor interaction      0.04                                        
  CD19^+^B                                    B cell receptor signaling pathway           2.84×10^−13^
  T cell receptor signaling pathway           3.07×10^−11^                                
  Fc epsilon RI signaling pathway             4.58×10^−9^                                 
  CD4^+^T                                     T cell receptor signaling                   2.73×10^−7^
  Antigen processing and presentation         0.0002                                      
  Cytokine-cytokine receptor interaction      0.0007                                      
  CD8^+^T                                     Antigen processing and presentation         0.02
  CD56^+^NK                                   Natural killer cell mediated cytotoxicity   6.35×10^−5^
  Chemokine signaling pathway                 4.85×10^−5^                                 
  T cell receptor signaling pathway           0.0003                                      
  CD16^+^Neu                                  Endocytosis                                 1.07×10^−8^
  Chemokine signaling pathway                 0.0002                                      
  Fc gamma R-mediated phagocytosis            0.0003                                      
  Phagosome                                   0.04                                        
  Pan T                                       Chemokine signaling pathway                 3.33 ×10^−5^
  T cell receptor signaling pathway           0.0005                                      
  B cell receptor signaling pathway           0.004                                       
  Natural killer cell mediated cytotoxicity   0.005                                       

Assessment of common marker profiles shows sex effects in CD56^+^NK, CD16^+^Neutrophils {#sec016}
---------------------------------------------------------------------------------------

The majority of common CpG markers did not exhibit sex-specific differences in methylation profile ([Table 7](#pone.0182455.t007){ref-type="table"}). Differences within CD56^+^NK and Lymphocyte-I/II panels indicated 12.32, 14.15 and 20.64% of respective markers exhibited sex effects, with the majority corresponding to autosomal CpGs. No sex-specific differences were identified among common CD8^+^ T markers.

10.1371/journal.pone.0182455.t007

###### Summary of sex-specific differences by common CpG marker panel.

A difference between male and female methylation estimates ≥0.10 was the outcome of interest. A marker was declared sex-specific if the posterior probability for this outcome exceeded 0.95, for one or more model-based partitions. For each marker panel, total numbers of sex-specific markers and autosomal sex-specific markers are given.
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                  Non sex-specific   Sex-specific differences   
  --------------- ------------------ -------------------------- ------
  Myeloid         91.69              740                        685
  Lymphocyte-I    79.36              1698                       1635
  Lymphocyte-II   85.85              454                        444
  Pan T           99.42              6                          2
  CD19^+^ B       99.75              34                         11
  CD4^+^ T        98.90              5                          1
  CD8^+^ T        100                0                          0
  CD56^+^ NK      87.68              196                        194
  CD14^+^ Mono    99.07              7                          4
  CD16^+^ Neu     96.67              72                         66

Sex-specific differences identified among single cell-specific markers were uniquely mapped to 215 genes ([S2 Table](#pone.0182455.s002){ref-type="supplementary-material"}). The majority of identified cases were concentrated in the CD56^+^ NK common marker panel. Four CD4^+^ T markers were associated with greater methylation observed in females and were mapped to a single gene, *CD40LG*, located on the X chromosome. Sex-specific differences and annotation information for all common markers identified is provided in the Supplementary Material ([S2 File](#pone.0182455.s006){ref-type="supplementary-material"}).

Sex effects in CD56^+^ NK methylation were prominent in Lymphocyte-I and Lymphocyte-II common marker panels, in addition to the CD56^+^ NK panel ([Fig 5](#pone.0182455.g005){ref-type="fig"}). Within the Lymphocyte-I panel, 1698 common CpG markers were identified as sex-specific, of which 1627 showed differences in CD56^+^ NK methylation only. Similarly, 442 common Lymphocyte-II markers showed differences in CD56^+^ NK methylation between sexes. The tendency for CD56^+^ NK methylation to be higher in males was common across all three panels.

![Posterior summaries of sex-specific differences in selected common marker panels defined by differences in CD56^+^ NK methylation only.\
Each difference is summarised by the posterior mean estimate and corresponding 95% CI. The shaded region corresponds to a difference of ±0.1. L-R: CD56^+^ NK, Lymphocyte-I, Lymphocyte-II.](pone.0182455.g005){#pone.0182455.g005}

684 common Myeloid markers were associated with differences in CD14^+^ Monocytes or CD16^+^ Neutrophils only. Differences with respect to CD14^+^ Monocytes tended to be higher in females, compared with higher male methylation in CD16^+^ Neutrophils ([Fig 6](#pone.0182455.g006){ref-type="fig"}).

![Posterior summaries of sex-specific differences in common Myeloid markers defined by differences in CD14^+^Monocytes (Left) or CD16^+^ Neutrophils (Right) only.\
The difference at each marker is summarised by the posterior mean and corresponding 95% CI. The shaded region corresponds to a methylation difference of ± 0.10.](pone.0182455.g006){#pone.0182455.g006}

Discussion {#sec017}
==========

This paper has proposed new statistical methodology for the discovery of cell-specific methylation profiles in whole blood, applying principles of Bayesian model selection. The characterisation of CpGs by differential methylation in one or more cell types builds significantly upon existing work that has been restricted to univariate analyses of differential methlyation by cell type. Sex-specific differences in both the prevalence of cell-specific profiles and methylation signal for select cell types were also demonstrated. For immune cell subtypes, validation of common markers using external cell-sorted samples produced favourable results. Enrichment analyses of common marker panels provided additional support for the proposed methodology, where it was demonstrated that the detection of cell-specific methylation at the individual CpG level was also biologically meaningful.

The adoption of a Bayesian approach was motivated by the benefits it offered over traditional approaches to model selection. The calculation of posterior model probabilities provided an informative measure of model evidence that accounted for selection uncertainty between multiple competing hypotheses \[[@pone.0182455.ref025]\]. The availability of these probabilities therefore enabled multiple candidate models to be compared simultaneously. Resulting probabilities were also used directly to identify CpG markers associated with each cell-specific pattern, whilst controlling for a defined false discovery rate. Whilst equal prior weights were assumed for all candidate models, other specifications are possible \[[@pone.0182455.ref026]\]. Future research in this area should consider alternative prior specifications and their impact on marker identification. For example, spatial structure among neighbouring CpGs could be incorporated, shifting the emphasis of identification to cell-specific differentially methylated regions (DMRs), offering an alternative to current statistical approaches \[[@pone.0182455.ref027]\].

The incorporation of knowledge about hematopoietic lineage into model specification represents a semi-supervised approach that reflects relevant cell biology. Consistent with other model selection strategies, our approach assumes that the defined set of candidate models is exhaustive and true patterns beyond this set are not of primary interest. In the event that the true methylation pattern does not align with any of the candidate models specified, two outcomes are likely. In the first instance, corresponding probes are assigned to the saturated model and may be examined further as part of a larger marker panel. Alternatively, the vector of model probabilities for each CpG may be diffuse over multiple possibilities and therefore not be identified for any cell-specific pattern under the chosen criteria. The feasibility of unsupervised approaches to model selection, where the full list of methylation patterns is determined by the observed data is appealing, but their routine application in high dimensional settings is prohibitive. Furthermore, there is potential for patterns identified to be an artefact of random noise present in cell sorted samples as opposed to true biological signal. Integrated methods of model selection represent an avenue for future work, where new cell-specific patterns are proposed based on the combination of cell lineage and their prevalence in the observed methylome.

It is well documented that there are sex-specific differences in the proportions of circulating white blood cells \[[@pone.0182455.ref028], [@pone.0182455.ref029]\]. The application of the proposed methodology to female and male samples has highlighted the importance of accounting for sex effects in DNA methylation analyses. Greater numbers of CD19^+^B and T cell-specific markers in females are consistent with previous findings and are possibly indicative of higher levels of cell activation \[[@pone.0182455.ref030]\]. The association between sex-specific differences in select CD4^+^T markers and the *CD40LG* gene have also been identified previously. Previous studies have pointed to allele specific methylation for this gene \[[@pone.0182455.ref031], [@pone.0182455.ref032]\] where CD4^+^T hypomethylation is observed in healthy males compared with healthy women who carry one methylated and one hypomethylated allele. One of our major findings was large differences of methylation between males and females in markers defined as CD56^+^NK specific. This is interesting when considered alongside the observation that males show an increase in circulatory NK cells compared to females \[[@pone.0182455.ref030]\], which adds further support for the accuracy of the approach. Additionally there is some evidence of sex-specific methylation differences in CD56^+^ NK, as well as CD8^+^ T cells \[[@pone.0182455.ref033]\]. Under the proposed approach, we have provided a potential solution to accurately account for potential bias introduced by sex effects at the marker level.

The presence of cell-specific CpG markers highlights the need to account for cellular composition prior to conducting Epigenome Wide Association Studies (EWAS), in whole blood. Methods for this purpose have been developed \[[@pone.0182455.ref034], [@pone.0182455.ref035]\] based on the assembly of methylation 'signatures' from cell-sorted data which are then projected onto heterogeneous samples to predict cell type proportions. The inclusion of other marker panels identified in our study may lead to further improvement in cell mixture estimation, in particular for immune cell subtypes that may be present in low proportions. Furthermore, the performance of these algorithms rely on consistent cell-type effects across cohorts \[[@pone.0182455.ref036]\]. Given the sex-specific methylation differences we have identified in this study, failure to account for sex effects may also impact upon the quality of cell mixture estimation and should therefore be given due consideration.

It is common practice in array-based methylation studies to exclude CpG sites which contain SNPs both within the probe and on the CpG site. While this is a valid approach to filtering before analysis, it will often lead to dramatic reduction of overall data. As a result, it is likely that sites of potential interest may be lost before any association can be made. By mapping hg38 annotated SNPs to all 450K CpG loci, we were able to ascertain the overall proportion of cell marker sites which have a SNP present; on average, across the common set of markers, this was approximately 30.7% of markers. In light of these results, we suggest that deconvolution studies and methods should account for SNP events at cell marker sites, noting the proportion that are present. For the filtering stage, we recommend that the overall rarity of the SNP variant be taken into account, for example, retaining CpGs which also have a rare (MAF \< 0.01) variant mapping. This approach is likely to be beneficial to the overall study design and outcome.

Supporting information {#sec018}
======================

###### Percentage of markers associated with SNPs, for sex-specific and common markers by candidate model.

The category 'Unassigned' refers to all CpG probes that were not assigned to any marker panel, based on a 5% Bayes' FDR.

(PDF)

###### 

Click here for additional data file.

###### Distribution of sex-specific common markers over chromosomes, for single cell-dependent makers only.

A sex-specific marker was declared if the posterior probability of a methylation difference ≥ 0.10 was greater than 0.95 for at least one cell type.

(PDF)

###### 

Click here for additional data file.

###### Distribution of observed methylation *β*−values by cell type and sex for selected common Pan T markers.

Markers were identified as having high levels of differential methylation (\>0.5) in CD4^+^ T cells. Markers were identified if the corresponding posterior probability of differential methylation \>0.5 exceeded 0.95.

(TIFF)

###### 

Click here for additional data file.

###### Validation analysis: Empirical cumulative distribution function (CDF) of the absolute difference between posterior and validation estimates by validation status.

Validation status was defined by the coverage of each 95% CI, estimated from the training data. First row (L-R): CD19^+^B, CD4^+^T; Second row (L-R): CD8^+^T, Pan T.

(TIFF)

###### 

Click here for additional data file.

###### R code for Bayesian model selection algorithm.

Core R functions required to prepare data and compute posterior model probabilities via the EM algorithm, across all listed candidate models.

(ZIP)

###### 

Click here for additional data file.

###### List of common CpG markers associated with a sex-specific difference of ≥0.10.

Illumina Human Methylation 450K annotation data are also included for each CpG marker.

(XLSX)

###### 

Click here for additional data file.
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